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Abstract. In this article we want to present a method for automated selection of preprocessing
methods based on genetic algorithms. This method is intended as support for data mining expert
and ease his work in routine parts like selection of appropriate preprocessing method (e.g. for data
normalisation, outlier detection, etc... ). In this paper we will present the first results of our method.
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1 Introduction

In this article we want to introduce our new method for automatic selection of preprocessing methods. The method is
not intended as replacement of standard data preprocessing process but as support for a data miner.

The standard data preparation is very complex and difficult task. It involves many non-trivial decisions and
understanding of the data and the business. In data mining applications the preprocessing is usually made by sequences
of commands or more likely by a data-flow diagram. In both approaches the data miner have to carefully select and
define order of preprocessing methods. Often selected methods are proved not too sucessfull and data miner have to
select another methods or change their order. Since this is long work we want to automate this task. The data
preparation process can be divided into two parts. The first involves feature extraction and transformation, “high level”
data cleaning, etc... This part requires understanding of nature of the problem and is varies from case to case and
therefore it is very hard to automate.

But there is also second part of the data preparation problem — it involves missing values imputation, data
normalisation, feature selection, discretisation, nominal values coding, etc... . There are few methods for each task to
choose among and it is seldom clear which method use and which is the most suitable for the data. More many methods
have several parameters which greatly influences results of the method.

For example to treat missing values one can remove instances with missing values, replace missing value with mean
value, copy value from another instance or use some sophisticated algorithm like multiple imputation. Each method
affects performance of final model. More influence on model of each method depends on data and therefore it is hard to
say which method is the best for given problem.

The selection of the best combination of preprocessing methods is therefore difficult and time consuming work. In
this paper we want to present genetic algorithm based method for automatic preprocessing methods selection. In this
article we will present first results of our method.

This method is intended to support data miner in decision which preprocessing methods select and help him to find
optimal setup of selected methods. Naturally it can not replace human expert.
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2 Theoretical Part

In many applications it is important to find optimal model of unknown system (for example in classification, prediction,
approximation, etc.). Such model can be found using two different approaches — deductive and inductive. The GAME
artificial neural network (ANN) is based on inductive approach. This means that parameters and also structure of the
ANN are constructed during learning from some minimal blocks.

The GAME ANN extends concept of GMDH network [1]. The GMDH allows only one type of minimal block
(neurons with one transfer function). On the other hand in GAME ANN there are neurons with many different transfer
functions (linear, sigmoid, polynomial, etc...). The GAME have feed-forward structure [2]. Example of GAME ANN
architecture is on Figure 1.
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Fig. 1: Example of the GAME model structure.

The GAME NN is build during the training phase from scratch. Each new layer is constructed following way:
first, large number of new neurons is generated, neurons differ in transfer function, number of inputs and
neurons in previous layer the new neuron is connected to. The next step is to find optimal setup of internal
parameters and best connections to neurons in previous layer (this step will be described later).When this is
finished, all neurons are evaluated using separated testing set and the worst neurons are deleted from the layer.
Then layer is ”frozen” and the algorithm continues with creation of new layer. This is repeated until neuron
with satisfactory accuracy is found.

3 Theoretical Part

In this part we will describe our method for automatic preprocessing. Our method is based on simple genetic
algorithm (GA) in its classical form [3]. The GA consists of three standard steps — selection, cross over and
mutation.

In our algorithm each individual in our algorithm represents a sequence of preprocessing methods. The
methods to apply are encoded into genome. Each gene encodes one preprocessing method.

Individuals for cross over are selected using tournament selection. Tournament selection works like this -
several individuals are selected and their fitness is compared. Two individuals with the highest fitness are
selected for cross over. Cross over is standard one point cross over. First in both genomes the cutting points are
selected and then corresponding parts of the genome are exchanged.

Mutation is slightly more complex. It may do three different operations. The first is to add or remove
preprocessing methods from the genome. Second it may change one method in genome to another. Third, it
may alter the configuration of some preprocessing methods.

The fitness function of an individual is computed from accuracy of the GAME model. The methods are
applied in order as they are listed in the genome. Then several (three in our case) GAME models are trained
using the preprocessed data. Performances of trained models are averaged and this average is taken as the
fitness.
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4 Preprocessing Methods

In this part we want to present types of preprocessing methods we tested in out paper. But first there is an
important thing to think about.

4.1 Global and Local Preprocessing Methods

There are two types of preprocessing methods — one type ussualy operates with only one input (attribute) and
preserves type of the data. This type we will call local methods. The second type of preprocessing methods
changes structure of the data and we will call them global.

The example of the first type of preprocessing methods is method which replaces missing values with
predefined constant or normalisation method. The example of second type is PCA transformation.

4.2 Implemented Preprocessing Methods

At this time there are several groups of preprocessing methods. The first group contains methods for missing
data imputation. This group contains several simpier methods. Among these methods are removing instances
with missing values, imputing constant values, mean values and averages of near instances.

The second group contains normalization methods like Z-Score normalisation or Soft-Max normalisation.

The third group are methods for data reduction. To this group are methods for data reduction. Examples are
method for removing random instances, method for removing nearby instances or Principal Component
Analysis.

The last group contains rest of methods — discretisation method, white noise generator and some few others
methods.

All of these methods can be used in automatic preprocessing.

5 Experiments

To test our method we will use one sets of artificial data. The set is a classification problem. In this set there
are four overlapping clusters from two classes shown on figure 2.

Fig. 2: Visualisation of two clusters in artificial data.

The data were obtained as follow: first we generated complete data. These data we divided into training and testing

part. Testing part we left as is and will be used to compare results of models. From the training part we removed
different portions of data. This way we obtain several different training sets and we will examine which preprocessing
methods will be selected and how portion of missing data affects selection of different methods and how successfull the

models are.
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6 Results

In this part we will describe our results. First we will discuss our classification experiment.

The results presented in table 1 are obtained following way — the first column presents results for raw data with no
preprocessing method applied. The second column show results for simple preprocessing applied. The simple
preprocessing means removing all instances with missing values. The third column shows results achieved by
automaticaly preprocessed data.

The classification results are summarised in table 1. The first column shows that GAME neural network is very
sensitive to missing values and even small amount of missing values can spoil the model.

The second column shows results of data preprocessed by hand. The preprocessing step consists only of removing
instances with some value missing. This column shows that even removing instances with missing values improves
accuracy.

The third column presents results of automated preprocessing. It shows that that our method for automatic
preprocessing is able to find better combinations of preprocessing methods.

Raw data Data Preprocessed by hand Automatically
preprocessed data
full data 91.25 91.25 92.5
0.01 missing 55.2 88.79 91.4
0.02 missing 54.2 87.97 91.15
0.05 missing 55 87.5 92.3
0.10 missing 55.26 87.8 99.05
0.20 missing 54.15 80.5 85.7
0.25 missing 54 91.2 92.12

0.50 missing 53.6 89.85 91

Tab. 1: Accuracy of models. The left column (Raw data) shows accuracy of
models created using raw (not-preprocessed) data. The right column shows
accuracy of models created using automatically selected preprocessing

I —— B Preprocestorssquences eppiea ~ x
Preprocessor sequences Preprocessor sequences Preprocessor sequences -
% E X0 columnl % B X0 columnl % E X0 columnl l
B Adaptive binning Missing instances remover Another instance value data imputer
Mumber of bins = 94 B X1 column2 *1 column2 (disabled)
Discretisation algorithm = Mean value Missing instances remover B X2 column3
Median Missing Value Imputer B Cut off values
B X1 columnz Positive boundary = -5.709739025769291E9
Missing instances remover Negative boundary = -2.295655919387822E9
Clobal (disabled) B Adaptive binning

Number of bins = 100
Discretisation algorithm = Bin number
B Mean value normalizer
Custom average =
Missing instances remover
3 Global
B Leave-out neighbours
Maximum distance between neighbours = 0 2188996656969805
B Outlayer remover
Cut-off average boundary = 2.1016779575369022E%
Minimal cell volume = 0.4485053463084382 x

a) b) C)

Fig. 3: The best individuals for selected amount of missing values. Part
a) shows the best chromosome 1% of missing values. Part b) shows
individual for 5% of missing values and c) shows 20% of missing
values.
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As we expected the automatic preprocessing selected mainly methods for treating missing values. Also as we
expected all preprocessing sequences contain methods for treating missing data.

Figure 3 illustrates three best individuals for different amount of missing data. The part a) shows the best individual
for data with 1% of missing values. This individual treats only two input attributes and therefore resulting models uses
only these two input attributes. Missing values are treat using two different methods. Into the first attribute its mean
value is imputed and instances containing missing value in the second attribute are removed.

The part b) on figure 3 shows selected methods for 5% missing values. It shows that model also takes only two
attributes into account because only two attributes are preprocessed. More it shows that the best chromosome is derived
from the predefined individual from the initial population.

The last part c) show the best individual for 20% of missing values. Models derived from this individual again uses
only two attributes — the first and the third. This individual removes instances with missing values in the third attribute
while it imputes values from neighbouring instances into the first attribute. The rest of preprocessing methods removes
nearby instances and slightly reduces number of instances.

We performed two experiments — in the first the initial population was completely generated at random. In this
experiment the results was comparable to that of achieved by removing instances with missing values. Generated
genomes also contained wide variety of preprocessing methods and their combination.

In the second — which is presented in table 1 — part of initial population was introduced by us and contained method
removing instances with missing values. The results in this experiment are slightly better. Also genomes are more
uniform and the most of them contains method for removing instances with missing values.

This shows that in the first experiment the population and the number of generations was to small and the genetic
algorithm was unable to find better setup. It also shows that it is good idea to provide the genetic algorithm a reasonable
start point.

7 Conclusion

In this paper we presented preliminary results of our new method for automatic selection and ordering of
preprocessing methods. Our method is based on genetic algorithms and select preprocessing methods which produces
the most accurate GAME model.

Our experiment showed that our automatical preprocessing method is able to find combinations and setup of
preprocessing methods which can achieve higher accuracy that simple preprocessing method. The accuracy achieved by
automatic preprocessing method is about 4-5% percent higher that accuracy achieved by simple preprocessing method.

The experiment also showed that the automatical preprocessing method performs better when some individuals in
the initial population contains reasonable preprocessing methods.
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